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Fuzzy Logic Control (FLC) has gained a great demand in process control applications. Fuzzy Logic (FL) 
technology enables the use of engineering experience and experimental results in designing an expert 
system capable of handling uncertain or fuzzy quantities. This paper presents a comprehensive review of 
FLC in the field of Direct Current (DC) motor drive systems. Firstly, the principles of fuzzy logic theory 
will be briefly presented. Secondly, the employment of the FL techniques in a control system will be 
outlined. The concept of FLC can be extended for application to different DC motor drives such as: series, 
separately, shunt and permanent magnet DC motor. The limitations of FLC when applied to DC motor 
drives have been widely reported in the literature. This article also cites these limitations as well as the 
advancements in solving them through, for example, the genetic algorithms and the neural networks 
techniques. 
Keywords: Fuzzy logic control, DC drives, Adaptive control.  
1. INTRODUCTION 
Lotfi Zadeh [1], father of fuzzy logic, has classified computing as hard computing and 
soft computing [2]. The computations based on Boolean algebra and other crispy numerical 
computations are defined as hard computing, whereas fuzzy logic, neural network and 
probabilistic reasoning techniques, such as genetic algorithm, and parts of learning theory 
are categorized as soft computing. Soft computing differs from conventional (hard) 
computing in that, unlike hard computing, it is tolerant of imprecision, uncertainty and 
partial truth. Soft computing is more analogous to thinking of human mind [1-12]. 
Research and applications of fuzzy logic are developing very rapidly, with promising 
impact on electric drives in the future. Fuzzy hardware systems have been developed, 
including fuzzy rule boards and fuzzy interface devices. Nowadays, fuzzy logic chips are 
commercially available [13-16]. Fuzzy computers using fuzzy memory and inference 
engines are new developments. Fuzzy expert system shells are also in the market. Fuzzy 
computing uses fuzzy associative memories are used for approximate intelligent computing. 
Fuzzy neuron joins fuzzy systems with neural-networks for the purpose of learning, 
especially, for pattern recognition [17-20]. Fuzzy logic applications to the control of drive 
systems have been increasing exponentially in the past few years. Drive systems possess 
inherent characteristics, such as nonlinearities, unavailability of a precise model or its 
excessive complexity, that make them well suited for FL control [21-22].  
The fuzzy logic controllers (FLCs) of a given process is capable of embedding, in the 
control strategy, the qualitative knowledge and experience of an operator or field engineer 
about the process [22]. Therefore, FL plays the role of a suitable ‘user interface’, in the task 
of translating designer’s insight about the system into the control law, resulting in an J. Electrical Systems 2-3 (2006): 116-145 
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inherently nonlinear adaptive controller, capable of outperforming other control techniques, 
such model reference adaptive control and sliding mode controllers [23-25]. 
High performance DC motor drives are used extensively in industrial applications. The 
DC motor drive is a highly controllable electrical motor drive suitable for robotic 
manipulators, guided vehicles, steel mills and electrical traction [10]. Usually, precise, fast, 
effective speed reference tracking with minimum overshoot/undershoot and small steady 
state error, are essential control objectives of such a drive system [15-25]. There have been 
several conventional control techniques in DC motor drives are presented [20-25]. The 
conventional control strategies are a fixed structure, fixed parameter design. Hence the 
tuning and optimization of these controllers is a challenging and difficult task, particularly, 
under varying load conditions, parameter changes, abnormal modes of operation, etc. 
Attempts to overcome such limitations using adaptive and variable structure control have 
had limited success due to complexity, requiring of estimation stages, model structure 
changes due to discontinuous drive mode of operation, parameter variations, load 
excursions and noisy feedback speed and current signals [26].  
New Artificial Intelligence (AI) techniques [27] such as rule base, fuzzy logic and 
artificial neural networks started emerging during the last decade and promise to simplify 
and enhance the robustness of speed/position control design for DC motor drives [28-30]. 
In the drive field, fuzzy logic has been applied to various problems, such as robust control 
of DC drive systems. This paper presents an overview of relevant work in the area of DC 
control systems and proceeded by a review of FLCs. Design and implementation aspects of 
FLCs for DC drives are considered along with an analysis of FLCs merits and limitations. 
2. FUZZY LOGIC PRINCIPLES 
A simple block diagram of a fuzzy system is shown in Figure 1. Four major units are 
fuzzification block, a fuzzy knowledge-base block, a fuzzy inference engine and a 
defuzzification block. The functions of the blocks and working principles of the fuzzy 
system are briefly summarized [30-40].  
2.1 Fuzzification: 
The fuzzification block performs the following tasks [30]: 
•  Measures the value of input variables. 
•  Performs a scale mapping that transfers the range of values of input variables into the 
corresponding universes of discourse. 
•  Performs the function of fuzzification, which converts input data into suitable linguistic 
values that may be viewed as labels of fuzzy sets. 
 
Fuzzification Defuzzification 
Fuzzy inference 
engine
Knowledge-base 
Fuzzy 
sets 
Rule-
base 
Input   Output 
 
Figure 1. Fuzzy system structure. 
The input signals to FLC are scaled using appropriate scaling factors. These scaled input 
data are then converted into linguistic variables, which may be viewed as labels of fuzzy E. E. El-Kholy et al: Adaptive Fuzzy Logic Controllers for DC Drives: A Survey... 
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sets. Fuzzy sets can be characterized by membership functions. The group of membership 
functions cannot be assigned arbitrarily, it depends on the characteristics of the system.  
Figure 2 shows one of the many types of membership function assignment, in which the 
number of reference fuzzy subset is seven: positive large (PL), positive medium (PM), 
positive small (PS), negative large (NL), negative medium (NM), negative small (NS), and 
zero (ZE). 
These membership functions can be represented by using graphical representations, a 
fuzzy association pairs, matrices, and mathematical equations. There are many types of 
membership functions e.g., the bell-shaped, linear function, triangular function, trapezoidal 
function and exponential function. In assigning membership functions, a single function or 
combination of several functions may be used in the same universe of discourse. The choice 
of membership function shape is mainly dependent on the designer preference [32].  
 
Universe of discourse 
 NL    NM    NS     ZE      PS     PM    PL 
u 
 
Figure 2. Membership functions. 
2.2 Knowledge-base 
The knowledge base is comprised of two components namely called fuzzy sets (data 
base) and fuzzy control rule base. The concepts associated with fuzzy sets are used to 
characterize fuzzy control rules and fuzzy data manipulation in an FLC. These concepts are 
subjectively defined and based on experience. So, it should be noted that the correct choice 
of the membership functions of a term set plays an essential role in the success of an 
application [33-35]. 
The dynamic behavior of a fuzzy system is characterized by a set of linguistic control 
rules based on expert knowledge. The fuzzy rule base consists of a set of linguistic control 
rules written in the form: 
IF a set of conditions are satisfied (premise), THEN a set of consequences are inferred  
The collection of fuzzy control rules that are expressed as fuzzy conditional statements 
forms the rule base or the rule set of an FLC. The selection of the linguistic variables has a 
substantial effect on the performance of an FLC. Experience and engineering knowledge 
play an important role during this selection stage. In particular, the choice of linguistic 
variables and their membership function have a strong influence on the linguistic structure 
of an FLC. Typically, the linguistic variables in an FLC are the state, state error, state error 
derivative, state error integral, etc.  
One of the key problems is to find the appropriate fuzzy control rules. In general, there 
are four models of derivation of fuzzy control rules [36]: 
•  Using the experience and knowledge of an expert. 
•  Modeling the control actions of the operator. 
•  Using a fuzzy model of a process. J. Electrical Systems 2-3 (2006): 116-145 
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•  Using self-organized fuzzy controllers. 
2.3 Fuzzy inference engine 
The fuzzy engine is the kernel of a fuzzy logic controller, which has capability of 
simulating human decision-making based on fuzzy concepts and of inferring fuzzy control 
actions using fuzzy implication (fuzzy relation) and the rules of inference in fuzzy logic. 
This means that the fuzzy inference engine handles rule inference where human experience 
can easily be injected through linguistic rules. 
2.4 Defuzzification 
The defuzzification block performs the following functions: 
•  Scale mapping, which converts the range of values of output variables into 
corresponding universes of discourse. 
•  Transforms the fuzzy control actions to continuous (crisp) signals, which can be 
applied to the physical plant. 
A defuzzification strategy is aimed at producing a non-fuzzy control action that best 
represents the possibility of distribution of an inferred fuzzy control action. Unfortunately, 
there is no systematic procedure for choosing a defuzzification strategy. Zadeh [1] first 
pointed out this problem and made tentative suggestions for dealing with it. At present, the 
commonly used strategies may be described as the max criterion, the mean of maximum, 
and the center of area (center of gravity).  
A practical illustration of the operation of a fuzzy system is then given in Figure 3, for a 
multiple-input single-output fuzzy system with two inputs, e1 and e2, and one output, u. For 
each input or output, two fuzzy sets are shown, through usually there are more. e1, e2 and u 
are numerical variables associated with linguistic variables such as speed and torque, etc. 
ZE, PS, and PL are linguistic values of the linguistic variables. Given the values for e1 and 
e2 a shown, Singleton fuzzification process maps them to associated fuzzy sets with 
membership values: e1 is mapped into the fuzzy sets representing ZE with a membership 
value of 0.75, and mapped into the fuzzy sets representing PS with a membership value of 
0.25; e2 is mapped into the fuzzy set representing PS with a membership value of 0.5. Then 
the following rules (assumed exist in the rule base) fire to find the output fuzzy sets that 
contains the output: 
If e1 is ZE and e2 is PS, then u is PS;  
If e1 is PS and e2 is PS, then u is PL, 
By using Sup-Min inference method for both the premises and the fuzzy implication, as 
illustrated, and by using Center of gravity defuzzification method the shaded area, the 
desired output value is then found. 
3. FUZZY LOGIC CONTROL (FLC) 
In recent years many authors have reported that fuzzy control is a more robust control 
method than usual PID-control to variation of system parameters [12]. It must be so, 
because the fuzzy control is more flexible. As opposed to the PID-control it allows to use 
nonlinear relations between input and output values of the controller. That is, before the 
fuzzy controller design it is necessary to be clearly aware of what type of nonlinearity has 
to be introduced for the robust speed control of the DC drive and what parameters of the 
fuzzy controllers form its type of nonlinearity. Therefore, to design a robust fuzzy E. E. El-Kholy et al: Adaptive Fuzzy Logic Controllers for DC Drives: A Survey... 
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controller, firstly, it is necessary to understand reasons of disadvantages of the PID-control 
for the DC drive speed control [12-15]. 
 
Figure 3. A practical illustration. 
Mostly, the PI-controller in the speed control loop determines the control quality of the 
speed drive because in that loop the parameters can change dramatically. Quantities that 
can influence the performance of the speed controller are load torque, drive inertia and 
speed reference. However, only the two last ones influence the performance of the PI-
controller. If the PI-controller is tuned at some value of motor inertia but the last one, for 
example, has increased, then this fact causes overshoot during the process. Or if the PI-
controller is tuned on a big change of the speed reference (the motor current reaches the 
limited value during the process); then the transient response on small change of reference 
speed will be with overshoot. Why does it take place? How can these disadvantages be 
eliminated the simplest way? To answer these questions, first of all, it is necessary to 
consider reasons of overshoot caused by changes of the drive’s parameters [12]. 
3.1 PI-controller 
The incremental PI-controller is depicted in Figure 4. In this figure: E - speed error, CE – 
change of speed error, -  C Δ control increment, C – control output of the PI-controller. 
+ 
CE 
C  C 
+ 
E  Ke 
Kce 
K c 
 
Figure 4. Structure of the PI-controller. 
Thus, 
12 CK EK C E Δ =+                         ( 1 )  
where,  
  1C KK K C Δ = , and  2C E KK K C Δ = .  
Let us consider the speed PI-controller when the input signal is a positive step one. If 
during the transient response there is no overshoot then the error always has a positive 
value, the change-of-error always has a negative value. That is why for this case we can 
write that during the process the control increment is calculated according to following 
equation [12] J. Electrical Systems 2-3 (2006): 116-145 
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12 CK EK C E Δ =+                       ( 2 )  
On the basis of equation (2) we can consider how the control increment changes during 
the transient response. At first speed error is too big. That is why the control increment is 
positive and big value. Therefore, the output of the PI-controller increases and reaches 
saturated value very quickly. If the moment of motor inertia and the load torque do not 
change, then with the saturation of the speed controller the change-of-error becomes 
invariable. During the process the error becomes smaller and at the same moment the 
control increment becomes negative. According to equation (2) the condition of exit from 
saturation is [12]  
21 CE E K K >                            ( 3 )  
That is the output of the speed controller decreases because of the negative part of the 
equation (1) is bigger than the positive one. If the PI-controller is well-tuned, then each part 
of equation (1) is balanced and the speed reaches the reference value quickly and without 
overshoot [12]. However, during the transient response the drive inertia can change and, for 
example, the change of speed error (CE) decreases with the increase of inertia. Therefore, 
in this case according to equation (3) the output of the controller decreases from a smaller 
value of the speed error. Because of the same manner of output change corresponds to 
constant values of the controller, then, decreasing this error causes the overshoot [12]. 
Thus, if we need to avoid any speed overshoot during the transient response for the drive 
with variable parameters, then it is necessary to introduce some nonlinearity between inputs 
of the controller (E, CE) and the control increment [12].  
3.2 Fuzzy PI-controller 
As mentioned above the fuzzy approach is a convenient method to design a controller 
with a desired nonlinear dependence between the input and the output of the controller. So, 
our task is to properly choose the fuzzy controller parameters that form the desired 
controller. A typical fuzzy control system is shown in  Figure 5, with the fuzzy system. 
First of all, we need to get such a fuzzy controller for which in the range of input values 
close to zero the following conditions are valid [12]: 
•  Value of the change-of-control increment decreases when the error decreases. 
•  Value of the change-of-control increment increases when the change-of-error 
decreases. 
 
+ 
DC motor  FLC 
d/dt 
- 
e 
Motor 
speed 
Reference 
speed 
 
Figure 5. Fuzzy control system. 
For that let us consider a notation of projection of the control surface on input variable. 
Mathematically, fuzzy controller with two inputs is a function of two variables or some 
surface in the space. The projection of the control surface on input variable is a function of 
this input variable when the other one is equal to zero [15]. 
Using this notation we can check how the influence of each variable on the control 
increment depends on the slope of membership functions. For example, if each membership 
function of each fuzzy variable is without any slope, i.e., the distance between the left base E. E. El-Kholy et al: Adaptive Fuzzy Logic Controllers for DC Drives: A Survey... 
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value and the peak value is equal to the distance between the peak value and the right base 
value for each membership function, then projections of the control surface in the working 
range of the controller straight lines, as shown in  Figure 6a. It means that the fuzzy 
controller’s control surface is a plane like the one a PI-controller. That is why it is 
understandable why the performance of the fuzzy controller with such membership 
functions and performance of the PI-controller are the same. Therefore, it is necessary to 
change the slope of membership functions to get better performance of the fuzzy controller. 
 
                                     a. PI-Controller                b. FLC 
Figure 6. Projection of the control surface. 
We noticed that the derivation’s value of the projection of input variable is increased to 
zero with increasing the slope of non-zero membership functions to zero and increasing the 
width of zero membership function of this variable. Besides the change in the shape of the 
membership functions for input variable does not change the projection of another input 
variable. The projections of the control surface are shown in  Figure 6b. 
4. FUZZY CONTROLLER IMPLEMENTATION 
This section describes the hardware implementation of fuzzy controllers. It gives some 
advice on how to construct real fuzzy controllers. This is the most exciting part of such a 
developing area of fuzzy controller design and implementation [41-42]. New chips and 
devices are being developed [43-46]. The simplest and the most usual way to implement a 
fuzzy controller are to realize it as a computer program on a general-purpose processor. 
However, a large number of fuzzy control applications, especially, electrical motor control, 
require a real-time operation to interface high-speed external devices. Software 
implementation of fuzzy logic on general-purpose processors cannot be considered as a 
suitable design solution for this type of application. In such case, specialized fuzzy 
processors can match design specifications. The requirements of the hardware 
implementation are: high-speed performance, low complexity, and high flexibility [44]. 
Togai and Watanabe [46] developed the first fuzzy logic chip in 1985. Later on, 
Yamakawa [45] developed a fuzzy logic hardware using analog techniques. Since then, 
several chips have been proposed utilizing both analog and digital techniques [43-46]. 
Generally, two different ways of implementing fuzzy controller hardware can be presented. 
These ways are digital processor and analog processor. They are summarized in the 
following paragraphs. 
4.1 Implementation on a digital processor  
Digital processing provides good interfacing with existing microprocessor systems. As 
fuzzy application fields expand in the future, it will become necessary to promote 
specialized chips for specific applications, such as low cost chips for incorporation into 
systems, large capacity chips for large volume fuzzy information processing, and fuzzy J. Electrical Systems 2-3 (2006): 116-145 
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decision making support chips. In addition, it will not be long before fuzzy capabilities are 
provided on-chip to various types of existing microprocessors [44].  
Two fuzzy digital processors are presented, one of a Japanese design and another one of 
European design. Omron is known to be the world’s first high-speed fuzzy controller, FZ-
1000. FP-3000 is a new generation fuzzy processor, which is applied in difference Omron 
products. WARP (Weight Associative Rule Processor) by Thomson is claimed to be the 
technological state-of-the art processor.  Figure 7a shown the photograph of the FP-3000, 
and  Figure 7b shows its pin connection diagram. 
 
                    a. Photograph of the FP-3000    b. Pin connection diagram 
Figure 7. Fp-3000 fuzzy digital processor. 
4.2 Implementation on analog processor 
During the last few years, analog circuits attracted close attention as a good candidate for 
a fuzzy controller implementation [43]. This implementation is characterized by a higher 
operation speed and lower power consumption. The whole fuzzy system is divided into two 
parts according to their functions, that is, the rule chip for fuzzy inference and the 
defuzzifier chip for defuzzification. So, there are two types of fuzzy analog IC, one with the 
inference chip that executes fuzzy inference and another with a defuzzification chip that 
executes defuzzified operations [45-46]. The inference chip executes fuzzy inference with 
respect to external input based on a rule with a maximum of three conditions and one result.  
The classes of membership are given in Figure 8a, which are standard for hardware 
implementation. To realize the membership functions the circuit given in  Figure 8b with 
the symmetric power supply Vcc can be proposed [43]. 
Z-type  S-type  L-type 
  Vcc  R1 
R3 
R4 
R2 
Vo 
-Vcc 
Vi 
 
a                                                      b 
Figure 8. Membership realization: a. Standard membership function types, b. Circuit for the 
implementation  of the Z-type membership functions. 
The photograph of the chip pin connection diagram is shown in  Figure 9a, and a 
photograph of the defuzzification chip pin connection diagram is shown in  Figure 9b. E. E. El-Kholy et al: Adaptive Fuzzy Logic Controllers for DC Drives: A Survey... 
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a                                                     b 
Figure 9. Inference and defuzzification chips: a. Inference chip pin b. Defuzzification chip pin 
connection diagram connections diagram. 
5. FUZZY CONTROLLED DC DRIVES 
5.1 Series excited DC motor drives 
DC series is still considered one of the best electrical motor drives used in traction and a 
fan type loads that have quadratic torque-speed characteristics [47-49]. A high starting 
torque is recommended in traction applications, which can easily be met by a DC series 
motor [48]. The speed control drive system under consideration is shown in  Figure 10. The 
speed control loop is to provide fast transient response as well as to limit the armature 
current [47]. The speed controller is designed in such a way to produce a desired reference 
signal for the current controller. The output of the current controller is fed to a cosine wave-
crossing scheme to generate the firing angle that controls the motor terminal voltage [47]. 
  Fuzzy PI 
speed 
controller 
Fuzzy PI 
current 
controller 
Cosine 
firing 
scheme 
Gate 
firing 
control 
Reference speed 
Current 
transducer 
AC 
Supply 
Ra La
Tacho 
+
-
-
+
 
Figure 10. Fuzzy control for DC series motor drive system. 
The motor variables to be controlled are the speed and the armature current. In the 
proposed fuzzy logic control scheme [47], the motor speed error and the error change are 
used as input variables to Fuzzy speed controller. However, the armature current error and 
the error change are the input variables to fuzzy current controller. The error and error 
change for both speed and current are scaled using appropriate scaling factors. These scaled 
input data are then converted into linguistic variables, which may be viewed as labels of 
fuzzy sets. The linguistic variables, which are used for the input variables, are shown in  
Figure11. Also, the choice of membership function shape is mainly dependent on the 
designer preference. For simplicity, the triangular-shaped functions are used in this 
application [47]. In the universe of discourse, the numbers for the aforementioned linguistic 
variables are selected. The membership functions for the error and the error change are 
shown in  Figure11. J. Electrical Systems 2-3 (2006): 116-145 
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The fuzzy control rules are developed based on intuition and experience instead of the 
availability of the system model. The following observations are used to determine the 
fuzzy control rules: 
1- If both the error and error change are zero, then the control settings should be kept at its 
present value. 
2- If error is positive and increasing (i.e. error change is positive), then positive control 
input should be used to reduce the error to zero. 
3- If error is negative and decreasing (i.e. error change is negative), then negative control 
input is used to minimize. 
4- If error is positive and decreasing, then small or zero control input is required. 
5- If error is negative and increasing, then small or zero control input is required. 
 
 NB NM NS ZE PS PM PB 
Universe of discourse 
 (e) 
 -3/4 -1 -2/3 -1/3 0 1/3 2/3 1 4/3 
 
a. Error 
 
Universe of discourse 
(Δe) 
 NB NM NS ZE PS PM PB 
 -3/4 -1 -2/3 -1/3 0 1/3 2/3 1 4/3 
 
b. Change in error 
 
Universe of discourse 
(Δu) 
 NVB NB NM NS ZE PS PM PB PVB 
 -1.2 -1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1.0 1.2 
 
c. Change in control 
Figure 11. Membership functions for speed and current controllers 
According to the above observations, the fuzzy control rules are selected. Since both the 
speed and current loops must satisfy the needs of fast transient response with minimum 
overshoot and they have essentially first order characteristics, consequently the same fuzzy 
control rules should be valid for both loops. These rules are given in Table 1. Where, PVB: 
positive very big, and NVB: negative very big. For example, the element in the fifth 
column and third row reads: 
If error is PS and error change is NS then consequence is zero 
The final stage of FLC, which called defuzzification, is a mapping from a space of fuzzy 
control actions defined over an output universe of discourse into a space of crisp control 
actions. The widely used strategy for defuzzification is the center-of-gravity method, which 
is adopted in this scheme. E. E. El-Kholy et al: Adaptive Fuzzy Logic Controllers for DC Drives: A Survey... 
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Table 1. Fuzzy control rules for speed and current controllers 
  Δe \ e  NB NM NS ZE PS PM PB 
NB NVB  NVB  NVB NB NM  NS  ZE 
NM  NVB  NVB NB NM NS  ZE  PS 
NS NVB NB  NM  NS  ZE  PS  PM 
ZE NB NM NS ZE PS PM PB 
PS NM NS ZE PS PM PB  PVB 
PM NS  ZE  PS PM PB PVB  PVB 
PB ZE  PS PM PB  PVB  PVB  PVB 
 
In order to illustrate the effectiveness of the fuzzy controllers in Reference [47], digital 
simulation of the drive system has been performed. The drive system is simulated with 
classical PI and fuzzy control loops for step in reference speed. The time responses of the 
motor speed, the armature current and the motor terminal voltage are shown in  Figure 12. 
The effects of load torque disturbance of 50% applied at 2.0 sec are shown in  Figure 13. 
The reason for superior performance of fuzzy controlled drive system is that it is basically 
adaptive in nature and the controllers are able to realize different control laws for each input 
state. On the other hand, the response of classic PI-controlled system is sensitive to model 
changes that occur with parameter variations [47]. 
 
 a. Motor speed 
 
b. Armature current 
 
c. Terminal voltage 
Figure 12: Time response for step reference 
input. 
Figure 13: Time response for step reference 
input and load disturbance torque. J. Electrical Systems 2-3 (2006): 116-145 
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5.2 Permanent magnet DC motor drives 
The implementation of a rule-based fuzzy logic speed controller for a permanent magnet 
DC (PMDC) motor is presented [50-54]. The use of this controller is motive by the system 
parameters uncertainly and the unknown nonlinear load characteristics for a wide range of 
operating points [54]. The objective of the controller is to manipulate the motor terminal 
voltage in such a way that makes the rotor speed follow a specified trajectory with 
minimum deviation [54]. The presented controllers are implemented using a digital 
computer and a data translation card DT2821, as shown in  Figure 14. Using the data 
translation card, the feedback motor speed and armature current are sampled at regular 
intervals, and then the final controller output is converted into continuous analog signal.  
 
Figure 14. PMDC motor drive system configuration. 
Experimental results for current and speed responses at starting and then load changes, 
rule-based fuzzy logic controllers are shown in Figure 15. Another set of experimental 
results for step change in reference speed with fan load only is presented in Figure 16. 
Experimental results show a better performance of the FLC drive system. Where, the drive 
system performance is quite robust and insensitive to system parameters and operating 
condition changes. 
5-3 Separately excited DC motor drives 
Fuzzy logic rule based controller for highly performance separately exited DC motor 
drive is presented in references [55-59]. The motor drive under consideration is shown in  
Figure 17. The power circuit consists of a phase-controlled bridge convener that drives a 
separately excited dc motor. For simplicity, the converter is used in motoring mode only 
with fixed field excitation. The speed control loop has inner current control loop to provide 
fast transient response as well as to limit the armature current. The current loop output is 
added with the feedforward counter emf signal to generate the control signal, which then 
generates the firing angle, by cosine wave crossing method. The feedforward addition of 
counter emf gives faster loop response. The fuzzy control blocks are indicated in  Figure 
17. E. E. El-Kholy et al: Adaptive Fuzzy Logic Controllers for DC Drives: A Survey... 
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 Figure 15. Experimental responses at starting and load changes 
 
Figure 16. Experimental responses for step change in reference speed With fan load. J. Electrical Systems 2-3 (2006): 116-145 
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Figure 17. Fuzzy controlled DC motor drive configuration. 
The transient response was tested with both fuzzy current and speed control at linearized 
converter condition.  Figure 18a shows the speed and current response that covers both 
continuous and discontinuous regions. The figure also shows the effect of 40% step load 
torque applied at 0.8 sec.  Figure 18b shows the corresponding system response under PI 
control in both the loops. Table 2 summarizes the response improvement under fuzzy 
control. 
Also, the drive system was tested with step change in reference speed at the same 
condition as before but with four times the effective inertia load.  Figure 19a shows the 
response with fuzzy control, and  Figure 19b gives the response with PI control, for 
comparison. Although the major portion of the rise time occurs with the current loop 
saturated, some improvement in rise time and overshoot under fuzzy control is evident. The 
reason for superior performance of fuzzy controlled system is that basically it is adaptive in 
nature and the controller is able to realize different control law for each input state. The 
response of PI controlled system, on the other hand, is sensitive to model change that 
occurs with parameter variation.  
 
a. FLC       b. PI controller 
Figure 18. Control system response at starting and load changes 
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Table 2. Performance comparison of fuzzy and PI controlled drive system. 
   FLC  PI 
Rise time (sec.)  0.410  0.425 
Overshoot (rpm)  13  16 
Speed drop with load torque (rpm)  13  25 
Recovery time with load torque (sec.)  0.09  0.20 
 
 
 a. FLC     b. PI controller 
Figure 19. Control system response at starting with inertia of four times the original value 
5.4 Shunt excited DC motor drives 
The problem of controlling a DC shunt motor involves many practical problems, which 
may appear as a result of the continuous change of its field current [60-61]. This means that 
the system equivalent mathematical model will be changed continuously and therefore one 
controller will not sufficient to meet the different operating conditions [61]. Saneifard et al. 
[60] describes the development of a FLC to maintain constant speed in a shunt connected 
DC motor operating under various loading conditions.  Figure 20 illustrates a simulation 
model for the DC motor speed control problem. The speed error signal and the measured 
field current are used by the FLC to determine the appropriate field current adjustment to 
bring the motor speed back to the reference setting. 
 
FLC 
DC 
Shunt motor 
Measured field current 
Reference 
speed 
Measured motor speed 
Field current 
+ 
- 
 
Figure 20. FLC block diagram 
Khalifa et al. [61] presented anther FLC algorithm for Shunt motor drive system. The 
system to be considered in this study consists of a motor energized from a half-controlled 
single-phase bridge converter. The control signal generated by means of the fuzzy logic 
controller is fed to a firing circuit to produce the firing signals required to control the 
converter output voltage. The motor is loaded by a separately DC generator supplying a J. Electrical Systems 2-3 (2006): 116-145 
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load resistance. Figure 21, shows the block diagram representation of the speed control 
scheme for the DC shunt motor. 
FLC 
DC 
Shunt motor 
Armature 
voltage 
Reference 
speed 
Motor 
speed 
+ 
- 
 
Figure 21. Block diagram of drive system. 
6. ADAPTIVE FUZZY LOGIC CONTROLLER  
Fuzzy logic is gaining widespread acceptance in the control engineering community 
because of its continued success in control applications. However, certain inherent 
difficulties of the approach are restricting it’s grow. The following are some of the 
difficulties, which face its application development [62-69]: 
•  Difficulties in developing fuzzy rules by hand for large systems. 
•  Difficulties in selecting appropriate membership function shapes. 
•  Difficulties in fine tuning fuzzy solutions for specific levels of accuracy, and 
guaranteeing the reliability/robustness of solutions. The trial and error method is still 
the basic method in improving the expert knowledge towards developing tuned and 
stable fuzzy controllers. 
The most important task in fuzzy control engineering is to build advanced tools for 
automated knowledge-base generation and tuning fuzzy controllers. Moreover, an improved 
approximate reasoning mechanism to speed up the on-line controller response is required. 
The tools for auto-generation of the knowledge-base will decrease the cost and time of 
fuzzy controller application developments. The tools for tuning the controller knowledge 
will provide the stability requirements for the operation of the controller [63].  
The conventional method to optimize the FLC is the steepest cell descent [64]. 
Nevertheless, this method required some prerequisites, such as fixing the number of rules, 
which has been obtained through trials of success and failure, been the method tedious and 
bored because it requires a lot of time [65]. The Genetic Algorithm (GA) and neural 
network driven by fuzzy reasoning are the advanced methods for learning the FLC systems. 
The following paragraphs describe these optimization methods [70-99]. 
6.1 Tuning FLCs through GA  
6.1.A Genetic algorithms 
The GA is one of the most up-to-date artificial intelligence techniques [70]. GA have 
been applied successfully to many engineering applications and optimization problems. The 
GA is an optimization method developed by biological evolution, which was used to find 
the shapes and places of membership functions, getting the inference rules and output 
memberships. They presume that the potential solution of a problem is an individual and 
can be represented by a set of parameters. These parameters are regarded as the gens of 
chromosome and can be structured by a string of values in binary form or real form. 
Generally, a positive value know as fitness value, is used to reflect the degree of goodness 
of the chromosome for solving the problem [71-73]. 
The GAs implementation always incorporates the following sequence [73-81]: E. E. El-Kholy et al: Adaptive Fuzzy Logic Controllers for DC Drives: A Survey... 
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1- Generating initial population, this in most cases is generated randomly. Each member of 
this population is a binary string of length that corresponds to the problem encoding. 
Each string is sometimes referred to as a genotype or, alternatively a chromosome.  
2- Evaluating the fitness of all individuals by applying some objective function. This 
function involves parameters, which are subjected to lower and upper bounds.  
3- Selecting the mating pool of the next generation (parent) according to their fitness.  
4- Applying some genetic operators (crossover and mutation) to members of the population 
to create new solutions (offspring or children). 
5- Decoding and evaluating the fitness of those newly created individuals.  
6- Repeating steps 3-6 repeatedly until the optimal solution is obtained or a certain 
termination a criterion is satisfied 
The flow chart of a simple GA is shown in  Figure 22. There are three genetic operators 
used to generate and explore the population and select new generations. These operators are 
selection, crossover and mutation, and they will be in the forthcoming paragraph [74]: 
 
Initial population 
Crossover
Fitness 
evaluation
Selection 
Mutation
End? 
Results 
End 
Start 
yes 
No 
 
Figure 22. General flow chart for a GA. 
•  Selection 
In the selection operation, each solution of the current population is evaluated by its fitness 
normally represented by the value of some objective function, and individuals with higher 
fitness value are selected. Different selection methods such as stochastic, or ranking-based, 
or roulette wheel can be used [82]. The simple GA uses the ‘roulette wheel’ selection 
scheme to implement proportionate selection. Each slot on the wheel is paired with an J. Electrical Systems 2-3 (2006): 116-145 
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individual in the population. The size of each slot is proportional to the corresponding 
individual fitness[82]. 
A common way to implement roulette-wheel selection is to : 
1-  Sum up all the fitness values in the current population; call this value ‘sumfitness’. It is 
the total area of the wheel. 
2-  Generate a random number between 0 and 1, called rand. 
3-  Multiple sumfitness by rand to get a number between 0 and sumfitness that we will call 
roulette value. Think of this value as the distance the imaginary roulette ball travel 
before falling into a slot. 
4-  Finally, we sum up the fitness values (slot sizes) of the individuals in the population 
until we reach an individual, which makes this partial sum greater or equal to roulette 
value. This will be the individual that is selected. 
•  Crossover 
The crossover operator works on pairs of selected solutions with certain crossover rate. 
The crossover rate is defined as the probability of applying crossover to a pair of selected 
solutions. There are many ways in which crossover can be implemented. The most common 
way is called the one-point crossover, which can be described as follows. Given two binary 
coded solutions of certain bit length, a point is determined randomly in the two strings and 
corresponding bits are swapped to generate two new solutions. Figure 23a gives a 
schematic sample of crossover process. 
•  Mutation 
Another important GA operator is mutation. Mutation is a random alteration with small 
probability of the binary value of a string position. This operation will prevent GA from 
being trapped in a local minimum. The fitness evolution unit in the flow chart acts an 
interface between the GA and the optimization problem. Information generated by this unit 
about the quality of different solutions is used by the selection operation in the GA. The 
algorithm is repeated unit a predefined number of generations have been produced. Figure 
23b shows a schematic sample of mutation process. 
 
Parent 1 
Parent 2 
Offspring 2 
Offspring 1 
Crossover point 
1 1 1 1  1 1 1  1 
 
0 0 0 0  0 0 0  0 
 
1 1 1 0  0 0 0  0 
 
0 0 0 1  1 1 1  1 
 
a. Crossover with 8-bit binary strings 
  Parent 
Offspring 
1 1  1 1 1 1  1 1 
 
1 1  1 0 1 1  1 1 
 
b. Mutation with 8-bit binary strings 
  Figure 23. Schematic samples of crossover and mutation processes. E. E. El-Kholy et al: Adaptive Fuzzy Logic Controllers for DC Drives: A Survey... 
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6.1.B Applicability of GA to FLCs 
GA have been used diversely for FLC design either off-line or on-line although in the latter 
case computation time is some-times prohibitive [82]. Off-line learning is carried through 
closed loop simulation using a simplified model of the plane for fitness computation. The 
search is carried out either in the set of the parameters of the membership functions and/or 
the set of rules. 
Thrift [122], Nishiyama et al. [83], Lee and Tagaki [84], and Tagaki and Lee [85] used 
GA through off-line learning to find an optimal rule base. Karr [86] applied GA with binary 
coding to find good parameters for the membership functions. The problem is to locate 
support points for the membership functions. Since there is an underlying ordering of the 
fuzzy sets to be maintained, each point is constrained to lie between a lower and an upper 
bound. Kim et al. [87] used a similar method, however, with different shapes of fuzzy 
membership functions applied to different processes. 
Other researchers used GA to optimize both the parameters of the membership functions 
and the rule base. Differences between the approaches lie mainly in the type of coding and 
the way the membership functions are optimized. Homaifer and Maccormick [88] used 
nonbinary integer coding to optimize the rule base and membership function parameters of 
the input variable. The summit of the triangular membership functions is kept constant and 
only the width of basis is allowed to vary during the search process. Moreover, extensive 
testing [89] has shown that the position of the summit of the triangular fuzzy set of the 
output variable is more influential than the width of the basis. Linkens and Nyongesa [90] 
give more flexibility to the variation of the parameters in particular the summit and the two 
support points of the triangular fuzzy sets are allowed to vary at the cost of extra 
computation and longer string. Kim and Ziegler [91] propose a global search that includes 
the shape and number of fuzzy sets. 
6.1.C Example on FLC learning using GA [73] 
This section considers the problem of automatically learning a set of optimized fuzzy 
rules and membership functions [73]. The method applies evolutionary programs in a two 
steps fashion to a rule-based fuzzy controller. The type of fuzzy controller considered here 
consists of triangular membership functions for the fuzzy variables in the premises, and 
singleton membership functions for the fuzzy variables in the conclusions. Figure 24 
illustrates a block diagram of the overall closed loop DC control system [73]. 
 
Reference 
speed
FLC
DC 
 motor 
Armature 
voltage 
Motor 
speed
GA 
1/s 
+ 
- 
 
Figure 24. GA-optimized FLC architecture 
This membership places an upper bound on the number of fuzzy rules, which is the 
product of the number of membership functions for the fuzzy variables in the premises. For 
the case of the DC motor, there are two input variables, and a single output variable of 
voltage. We consider the cases of 5 and 7 fuzzy variables for each input variable. The  
singleton fuzzy variables in the conclusions are restricted to integers in the range {-6,6}. 
Defuzzification is performed by the discrete center-of-gravity method [73].  J. Electrical Systems 2-3 (2006): 116-145 
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The first step in the method produces the singleton conclusions for a reduced set of rules 
using fixed symmetric triangular membership functions. The second step is then adjusts the 
membership functions. We considered two ways of performing the first step of rule learning 
and reduction. In the first case, an evolutionary program was used to select the singleton 
values of the rules. The basic idea was to maintain a population of chromosomes, each of 
which represented a proposed rule-base. An individual chromosome consisted of a string of 
integers, in the range {-6,6}, representing the singleton conclusions of the rules. A zero in 
the string signified that the corresponding rule was not used in the calculation. The fitness 
function was chosen to combine the error produced by the simulated DC motor and the 
number of rules with conclusions different from zero. The idea being is to simultaneously 
reduce the number of rules and the corresponding error. 
After some experimentation with the genetic parameters and operator, the following 
settings were used throughout: Populations of 20 chromosomes run for 150 generations, the 
roulette method for selection with normalized fitness values, one point crossover was 
applied to selected individuals, and mutation per gens was always applied. As the coding of 
the chromosomes in this program was realized directly with integers, uniform mutation was 
used. For the second step of membership function adjustment, another evolutionary 
program was applied. The chromosomes represented the positions of the triangles and were 
coded directly as real numbers. A weight was added to the error produced by the simulated 
DC motor in the fitness function to achieve a smoother curve.  
Figure 25a, shows the case of applying the first evolutionary program to the rule-base of 
size 25. The object is to arrive at the position set point in a fast and smooth fashion. In the 
first run, 12 rules were obtained and their performance is represented by the dashed curve. 
Applying the second evolutionary program for membership function tuning gives the 
continuous curve. The application of the genetic program to the 12 rules reduced them to 4. 
Figure 25b shows the curves obtained for these 4 rules before and after membership 
function adjustment.  
 
a. For 12 rules.       b. For 4 rules. 
 Figure 25. Before and after adjustment of the membership functions  
6.2 Fuzzy-neural control system 
6.2.A Artificial neural network (ANN) 
The year 1943 is often considered the initial year for the development of artificial neural 
network (ANN). McCulloch and Pitts [92] outlined the first formal model of an elementary 
computing neuron. The model includes all necessary elements to perform logic operations, 
and thus it contained function as an arithmetic-logic computing element. ANN consists of 
many interconnected neurons, nodes or processing elements arranged in layers. The E. E. El-Kholy et al: Adaptive Fuzzy Logic Controllers for DC Drives: A Survey... 
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purpose of the network is to map some input vector to an output vector. The mapping may 
be linear or nonlinear, generally it is nonlinear [93-99].  
ANN can be classified into two main categories based on their connection structures: 
feedforward (or nonrecurrent) and feedback (or recurrent). Feedback networks are the most 
commonly used type, mainly because of the difficulty of training feedback networks, 
although the last-mentioned are more suitable for representing dynamical systems. There 
are also different types of ANN designs. These include Back-propagation networks (BPN), 
Cerebellar model articulation controller (CPN), Counterpropagation networks (CMAC), 
and Radial basis function network (RBF) [93]. Furthermore, the different network types 
represent two different approaches to learning. The net is trained by initially selecting small 
random weights. When the net is in the learning process, the weighting vectors associated 
with each neuron are changing after every trial until the training is finished. Basically, the 
two learning approaches are namely called global and local network learning. With global 
designs, such a BPN, each connection weight affects all the outputs of the networks, while 
for local designs, such as CPN, CMAC, and RBF, a given connection weight is only 
effective over a part of the input space, and hence, affects only the outputs connected with 
that part. Global designs are useful when a fixed database is available to train the network 
while local designs are useful for online learning. It is recognizable that local designs have 
grater implications for learning in real time control [95]. 
6.2.B Fuzzy-neural control models 
There is a rapidly growing interest in the fusion of fuzzy systems and neural networks to 
obtain the advantages of both methods while avoiding their individual drawbacks [97]. On 
the one hand, the theory of fuzzy logic provides a formal framework to abstract the 
approximate-reasoning characteristics of human decision-making and, furthermore, 
conveys an excellent mode of knowledge representation. However, a common bottleneck in 
fuzzy control systems is their dependence on the specification of good rules by human 
experts. Neural networks, on the other hand, attempt to replicate the learning capabilities 
possessed by biological species, but it is not always possible to extract and interpret the 
learned knowledge contained within them. The possibility of integration of these two 
methods has given rise a rapidly emerging field of fuzzy neural networks that are designed 
to capture the capabilities and advantages of both neural and fuzzy logic systems. Fuzzy 
neural systems have become an area of great activity in control engineering and many 
interesting problems have been successfully addressed [93]. 
There are three main approaches for ANN application in fuzzy controller design[93]:  
•  Fuzzy systems where ANN learn the shape of the surface of membership functions, the 
rules and output membership values;  
•  Fuzzy systems that are expressed in the form of ANN and are designed using a learning 
capability of the ANN;  
•  Fuzzy systems with ANN which are used to tune the parameters of the fuzzy controller 
as a design tool but not as a component of the final fuzzy system.  
6.2.C Applicability of ANN to FLCs 
  Fuzzy-neural control generally is concerned with building composite nonlinear systems 
incorporating both fuzzy and neural methods. Most of the studies integrating neural 
networks and fuzzy systems have concentrated on using standard neural networks to solve 
particular problems in fuzzy systems, such as fuzzy inference and membership function 
tuning. ANN processing in almost all of these applications uses real quantities even when J. Electrical Systems 2-3 (2006): 116-145 
 
  137 
representing fuzziness. Neural processing of fuzzy data presently can be categorized into 
two distinct approaches. First, there are those applications, which involve preprocessing to 
enable the use of conventional ANN [98-100]. Second are those dealing with modifications 
of the conventional neural networks and learning algorithms to cope with fuzzy data [92-
99]. It is known that the advantage and success of fuzzy systems is derived from their 
ability to deal with information in linguistic or fuzzy form. Furthermore, input variables in 
certain physical systems are linguistically representable as fuzzy quantities rather than as 
real numbers. Hence, there is a case for dealing with fuzzy information directly in ANN 
learning, using fuzzy neurons. 
6.2.D Example: fuzzy-neural controller of DC motor drive 
In a conventional variable-speed DC drive there are basically three main controllers: a 
speed controller, an armature current controller and a field current controller, only the first 
two of which are considered here.  Figure 26 shows the schematic diagram of a DC motor 
drive incorporating fuzzy neural controller [97]. 
Reference 
speed
FLC
Power driver
DC motor  
1/s 
ANN  Delay 
tacho 
Motor speed 
error 
+ 
- 
 
Figure 26. DC motor drive system. 
The fuzzy neural controller structure used in represented by a neural network consisting 
of five layers.  Figure 27 shows an example of the network structure for a controller with 
two inputs and a single output. The construction of the five-layer network is described as 
follows. 
The first layer is an input layer with one node for each controller input variable. The 
nodes in this layer act as single-input, multi output, ‘fan-out’ nodes distributing each input 
variable to each of its associated membership function nodes in the second layer. The 
interconnection weights between the first and second layers are all unity and constant. The 
second layer is made up of nodes representing Gaussian membership functions. The total 
number of nodes in this is equal to the total number of fuzzy sets associated with the input 
variables. The interconnection weights between the second and third layers are all unity and 
constant. The third layer is made up of nodes implementing the fuzzy intersection form of 
the fuzzy AND operator. 
The interconnection weights between the third and fourth layers are also all unity and 
constant. The fourth layer is made up of nodes implementing the bounded sum form of the 
fuzzy OR operator. The number of nodes is equal of nodes is equal to the total number of 
fuzzy sets associated with the controller output variables. The fifth and final layer 
comprises nodes implementing a center-of-area defuzzification algorithm, with one node 
for each output variable. The weights of the interconnections between the nodes in the 
fourth and fifth layers are the products of the center and width of the membership function 
associated with the fuzzy set for each layer four-node output variable. E. E. El-Kholy et al: Adaptive Fuzzy Logic Controllers for DC Drives: A Survey... 
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Figure 27. Example of fuzzy neural controller structure. 
To establish the fuzzy neural controller structure for a particular application, the 
following must be determined: 
1-  The number of membership sets associated with each input variable (i.e. the number of 
nodes in the second layer and the connections between layer a and 2); 
2-  The number of membership sets associated with each output variable (i.e. the number 
of nodes in the fourth layer); 
3-  What the fuzzy rules are (i.e. the connections between layers 2 and 3 and between 
layers 3 and 4); 
4-  Initial estimates for the center and width of each input variable fuzzy set membership 
function (i.e. the parameters of the activation functions of the layer 2 nodes); 
5-  Initial estimates for the center and width of each output variable fuzzy set membership 
function (i.e. the connection weights between layers 4 and 5 and the parameters of the 
activation function of the layer 5 nodes). 
The determination of the required structure and the initial values of the membership 
function parameters is done in an initial tuning stage. Subsequence to this, a further tuning, 
using a back propagation type of algorithm, adjusts the membership function parameters 
and the network connection weights to produce the final trained fuzzy neural controller.  
Figure 28a, reports the no-load response of the drive to a reference step going from half 
the rated speed to about the rated speed. Figure 28b reports the response to the same test as 
in  Figure 30a but with moment of inertia and friction coefficient twice the nominal ones. 
This has been attained by coupling the DC motor with the DC generator and by keeping its 
terminals open. The ripple in the traces is due to the coupling compliance. The response 
points out the robustness of the control against the parameter variations. Figure 28c reports 
the response of the drive to the sudden application of the rated torque while the motor is 
running at about the rated speed. This has been attained by coupling the DC motor with the 
DC generator and by loading it suddenly with the rated current. 
The results show that implementing a FLC on an ANN is an effective solution to 
simplify the data processing required by the fuzzy logic while maintaining its human-like 
approach and control capabilities. J. Electrical Systems 2-3 (2006): 116-145 
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a. No-load response 
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Motor current  
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Time(50 msec/div) 
 
b. No-load response with twice the nominal mechanical parameters 
 
Motor current  
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c. Torque application response 
Figure 28. Response of DC drive with fuzzy neural controller. E. E. El-Kholy et al: Adaptive Fuzzy Logic Controllers for DC Drives: A Survey... 
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7. CONCLUSIONS 
Application of FL to DC drive systems will continue to gain in the near future. Most 
promising applications are those where classical control solutions can not provide 
satisfactory performance, typically, when the model of the plant is not available or highly 
non-linear, or when the system is subject to significant parameter variation. FL constitutes a 
powerful tool to translate human expert knowledge into automatic control strategy, a 
feature that can also be exploited in the design of diagnosis and supervisory control 
systems. 
The simulation and experimental study clearly indicates the superior performance of 
fuzzy control, because it is inherently adaptive in nature. To enhance the potential benefits 
of FL, DC drives engineers need to become more familiar with the advancements in FLC 
theory, the capabilities of the new design and analysis tools, in particular, those that take 
advantage of the growing interaction of FL with other emerging technologies, particularly 
genetic algorithm and neural networks. 
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